Development of an accurate precipitation dataset is of primary importance for regional hydrological process studies and water resources management. Here, four regional precipitation products are evaluated for the Heihe River basin (HRB): 1) a spatially and temporally disaggregated Climate Prediction Center Merged Analysis of Precipitation (CMAP) at 0.258 spatial resolution (DCMAP); 2) a fusion product obtained by merging China Meteorological Administration station data and Tropical Rainfall Measuring Mission precipitation data at 0.18 spatial resolution supported by the Institute of Tibetan Plateau Research (ITP), Chinese Academy of Sciences (ITP-F); 3) a disaggregated CMAP downscaled by a statistical meteorological model tool at 1-km spatial resolution (DCMAP-MicroMet); and 4) a Weather Research and Forecasting (WRF) model simulation with 5-km resolution (WRF-P). The validation metrics include spatial pattern, temporal pattern, error analysis with respect to observation data, and precipitation event verification indicators. The results indicate that 1) precipitation from the DCMAP product may not be suitable for water cycle studies at the watershed scale because of its coarser spatial resolution and 2) ITP-F, WRF-P, and DCMAP-MicroMet precipitation products generally show similar spatial-temporal patterns in HRB but have varying performances between different subbasins.
Introduction
The Fourth Assessment Report of the Intergovernmental Panel on Climate Change (Pachauri and Reisinger 2007) pointed out that the lack of data with high spatial and temporal resolution and long time series is a key source of uncertainties in understanding regional vulnerability to climate change and in developing appropriate countermeasures. Meteorological data with high spatial and temporal resolution are in urgent demand for many purposes. In particular, precipitation is one of the most important variables affecting the exchange of moisture and heat between the atmosphere and the land surface (Fekete et al. 2004; Gottschalck et al. 2005; Tian et al. 2007) , and the development of an accurate precipitation dataset is of primary importance for regional hydrological process studies and water resources management (Wilk et al. 2006; Immerzeel et al. 2009; Sorooshian et al. 2011 ).
There are three basic kinds of precipitation estimate (Prigent 2010) : ground observations, satellite estimates, and numerical modeling. The ground observations include rain gauges and weather radars; the satellite estimation may use near-infrared (NIR), passive microwave, and active microwave sensors; and the numerical modeling can be based on either global or regional numerical models.
In general, rain gauges are considered to be the source of reference values at a given location and are the basis for evaluating satellite or numerical modeling products. Ground radars measure precipitation at a fine resolution and may also be used to validate satellite precipitation estimates (Amitai et al. 2012 ). In addition, disdrometers are considered to be an aid to ground observations and are used to distinguish precipitation type and measure the drop size distribution (DSD) at a given location to assess/calibrate the equivalent radar reflectivity factor Z and to build more reasonable equations between Z and rainfall intensity (Z-R relations) for various types of rain. However, radar and disdrometers are not used in the precipitation products discussed in this paper.
The distribution of ground observations is uneven and sparse, whereas satellite estimates can overcome this disadvantage and can provide spatially continuous precipitation data. NIR-based precipitation estimates have high spatial-temporal resolution, but the relationship between the cold cloud tops and surface rainfall is indirect. Representative NIR satellites are the Geostationary Operational Environmental Satellite (GOES), the Geostationary Meteorological Satellite (GMS), FY-3B, Meteosat, and Multifunctional Transport Satellites (MTSAT). Microwave-based precipitation estimates cover the globe and have a more accurate calibration, but their spatial-temporal resolution is coarse. Representative passive microwave products are the Special Sensor Microwave Imager (SSM/I), the Special Sensor Microwave Image/Sounder (SSM/IS), the Advanced Microwave Scanning Radiometer for Earth Observing System (EOS; AMSR-E), and the Advanced Microwave Scanning Radiometer 2 (AMSR2). Representative active microwave products are the Tropical Rainfall Measuring Mission (TRMM; Kummerow et al. 1998 ) and the Global Precipitation Measurement (GPM; Smith et al. 2007 ); the GPM mission was launched in 2014.
Numerical modeling can provide spatially and temporally consistent precipitation products. In general, global numerical models and global reanalysis can describe precipitation distribution patterns at a 100-km scale; regional numerical models describe weather at 10-100-km scales and even much finer spatial scales. Regional numerical model simulations are often initiated and bounded by global numerical model output or reanalysis data, so regional numerical model simulations are also called dynamic downscaling. Precipitation has proven to be the most difficult parameter to be simulated in numerical models because of our limited understanding of precipitation phenomena.
In addition to the above basic precipitation products, other approaches have been developed to create accurate precipitation products, such as merging various precipitation estimates, assimilating observation data into a numerical model, and ensemble forecasts.
Many global precipitation datasets have been developed based on these measurements and techniques. The Climatic Research Unit (CRU; New et al. 1999 New et al. , 2000 , the Global Precipitation Climatology Project (GPCP; Adler et al. 2003) , the U.S. Climate Prediction Center (CPC; Chen et al. 2002) , the German Weather Service Global Precipitation Climatology Centre (GPCC; Beck et al. 2004) , the CPC Merged Analysis of Precipitation (CMAP; Xie and Arkin 1996) , and TRMM (Huffman et al. 2007 ) are global precipitation products (more information on global precipitation datasets can be found at www.isac.cnr.it/;ipwg/data/datasets.html).
However, precipitation variability over complex terrain is difficult to estimate, especially at small spatial scales (Johnson and Hanson 1995) , where rain gauges are often unevenly and sparsely deployed. Downscaling methods have been developed to apply coarserresolution precipitation data to a watershed-scale region. Various physically based statistical models have been developed to downscale spatially low-resolution precipitation fields and establish long-term and appropriately scaled precipitation products for mountainous terrain (Daly et al. 1994; Wilby and Wigley 2000; Brown and Comrie 2002; Guan et al. 2009) . A number of downscaled precipitation fields obtained by coupling regional numerical models with hydrological models have been applied for flood forecasting, runoff simulation, and decision-support system development (Anderson et al. 2002; Evans 2003; Kotlarski et al. 2005; Lin et al. 2006; Kunstmann et al. 2008) . The basis of these applications is acceptable accuracy of precipitation data, so evaluation of the accuracy of downscaled precipitation and of the downscaling methods in a specific region has become necessary (Colle et al. 1999; Su et al. 2008; Zong and Wang 2011; Ward et al. 2011) .
The Heihe River basin (HRB) is a relatively large mountainous watershed for precipitation evaluation, owing to its complex terrain and diverse landscapes from upstream to downstream, with glaciers, frozen soil, alpine meadow, forest, irrigated crops, riparian ecosystems, and the Gobi desert. The HRB is a typical inland river basin in an arid region, where there is severe conflict between the water demands of ecosystems and economic development (Li et al. 2013 ). In addition, HRB precipitation has shown considerable spatiotemporal variation, and 10 years of observations at stations supported by the China Meteorological Administration (CMA) have indicated that around 70% of precipitation occurred from June to September, while only 5% occurred from November to the following February; annual precipitation was around 400 mm yr 21 in the upstream region of the HRB, around 100 mm yr 21 in the central region, and around 50 mm yr 21 in the downstream region. The lack of abundant precipitation observations and long-term regional precipitation products has limited many hydrological and ecological simulations in the HRB (Chen et al. 2006; Kang et al. 2008; Yin et al. 2013) . Because of this lack of data and the complexity of precipitation patterns over the HRB, a wireless observation network will be installed by the Heihe Watershed Allied Telemetry Experimental Research (HiWATER) project (Li et al. 2013) . Five selfrecording rain gauges recently supported by the Watershed Allied Telemetry Experimental Research (WATER) project (Li et al. 2009 ) are included in this paper; these gauges are independent of any analyses, some of which use some of the CMA gauges. In this paper, four regional downscaled precipitation products are evaluated over the HRB: 1) a spatially and temporally disaggregated CMAP (DCMAP; see Rodell et al. 2004 ) at 0.258 spatial resolution; 2) a fusion product obtained by merging CMA station data and TRMM precipitation data (TRMM 3B42; see Huffman et al. 2007) Michalakes et al. 1998 Michalakes et al. , 2001 ) model simulation with 5-km resolution (named WRF-P). These four products cover satellite estimates, ground observations, and downscaling methods. The downscaling methods include dynamic downscaling, statistical downscaling, interpolation, and merging methods. The main aims of this paper are 1) to use different spatial-resolution precipitation data to determine the appropriate scale for watershed regions; 2) to evaluate the precipitation patterns in complex mountainous regions; 3) to comprehensively validate the above four precipitation products; and 4) to find a reasonable method based on multiple sources to build long-term precipitation products for complex mountainous regions at the watershed scale. The next section describes these four products in detail, section 3 introduces the validation methods and the research region, section 4 presents the results, and section 5 comprises the discussion and conclusions.
2. Summary of precipitation products over the HRB T T1 able 1 summarizes the spatial resolution, temporal resolution, time period coverage, and source of data for the four precipitation products.
a. DCMAP
One of the optional precipitation forcings for the Global Land Data Assimilation System (GLDAS; see Rodell et al. 2004 ) is the CMAP (see Arkin 1996, 1997 ) at 2.58, which is a blend of satellite (IR and microwave) and gauge observations and was then spatially and temporally disaggregated by Global Data Assimilation System (GDAS) modeled precipitation fields to match the GLDAS resolution of 0.258. This precipitation product (named DCMAP) was accessed at the Hydrology Data and Information Services Center (HDISC) and was adopted as one of the precipitation sources evaluated in the HRB.
b. China Meteorological Forcing Dataset
The China Meteorological Forcing Dataset was developed by merging a variety of data sources at the Institute of Tibetan Plateau Research (ITP), Chinese Academy of Sciences (He 2010 ). This product is also called the ITP-forcing (ITP-F). It has been used for land surface modeling in China (Chen et al. 2011) . The inputs for the precipitation data fusion are CMA measurements at 740 stations and TRMM satellite precipitation analysis data (3B42v6) (Huffman et al. 2007 ). This 
product is provided at a spatial resolution of 0.18 and a temporal resolution of 3 h. The precipitation product is produced by the following general procedures. First, TRMM 3B42v6 precipitation data are bilinearly interpolated at the 740 CMA stations and aggregated from 3 h to 1 day. Then, the differences between the measurement and the TRMM 3B42v6 values at the stations are interpolated into gridded values at a spatial resolution of 0.18 by the ANUSPLIN AU1 package (Hutchinson 1995) . The TRMM 3B42v6 precipitation data are then bilinearly resampled into grid values at the same spatial resolution from 0.258. Last, if the resampled TRMM precipitation grid point value is greater than 0, the precipitation is obtained by adding the gridded TRMM precipitation value and the gridded difference between the TRMM value and the measurement; otherwise, 0 is retained as the final precipitation product. If the TRMM value is less than the interpolated difference, zero is assigned to prevent negative values.
c. WRF-P
The WRF model is a modern mesoscale numerical weather prediction system that serves both operational and research communities. The model uses a terrainfollowing hydrostatic pressure coordinate system with permitted vertical grid stretching (Laprise 1992 ). Arakawa C grid staggering (Arakawa and Lamb 1977) is used for horizontal discretization. A detailed description of WRF was presented in Skamarock et al. (2008) . In the present study, WRF was used for downscaling of weather and climate ranging from 1 km to thousands of kilometers and was then used for deriving meteorological parameters required for hydrological models. The model was initialized by real boundary conditions using the National Centers for Environmental Prediction (NCEP) Final Analysis (FNL) data (NCAR 2014), with a resolution of 18 3 18. Two-way nested computational domains of 40 3 54 3 27 and 100 3 120 3 27 grid points at horizontal resolutions of 25 km and 5 km, respectively, were used. The first domain covers most of Gansu Province, ranging from 32.68 to 47.48N in latitude and from 92.4 to 107.68E in longitude (shown in F F1 ig. 1). The second domain covers the HRB, ranging from 378 to 438N in latitude and from 96.68 to 103.48E in longitude. A ratio of 1:5 was maintained between resolutions of the outer domain and FNL data to ensure reliable boundary conditions for the model. The model's physical configuration is summarized in T T2 able 2.
d. DCMAP-MicroMet
The DCMAP precipitation product was interpolated into the spatial-temporal precipitation products with a spatial resolution of 1 km and a temporal resolution of 1 h with the MicroMet tool. MicroMet, of intermediate complexity and quasi-physical basis, has been developed to produce the high-resolution (e.g., 30-m to 1-km horizontal grid increment) atmospheric forcing required to drive spatially distributed terrestrial models over a wide variety of landscapes (Liston and Elder 2006) . In the present study, the 3-h interval precipitation data were first converted into 1-h interval precipitation data by a smoothing method in a 7-h time window. Spatial interpolation was carried out after the processing of the time series. The Barnes objective analysis scheme (Barnes 1964 ) was used to interpolate the DCMAP grid values to high-spatial-resolution gridded data. The variable P (mm h 21 ) is computed from
where P 0 (mm h 21 ) is the DCMAP forcing-data precipitation at a spatial resolution of 0.258, z 0 (m) is the grid elevation at a spatial resolution of 0.258, z (m) is the grid elevation at a spatial resolution of 0.018, and x (km 21 ) is a seasonally varying factor (Thornton et al. 1997 ). Here, x is determined using 10-yr time series of precipitation from CMA stations within or around the HRB. Owing to the uneven distribution of these stations, x strongly influences the interpolation of DCMAP.
Research region, validation data, and verification indicators a. Research region
The HRB is the second largest inland river basin in China (shown in Fig. 1 ). It is located at 37845 0 -42845 0 N and 978-1028E and covers an area of approximately 140 000 km 2 . Based on the terrain relief characteristics, the HRB can be divided into three parts: upstream, center, and downstream. The upstream region is the source region of the HRB, and the dominant topography is high mountains and deep gorges. On the cold mountain tops, evaporation is weak, the average annual temperature ranges from 23.18 to 3.68C, and the average annual precipitation is from 350 to 450 mm (Cao and Dou 2005; Song et al. 2003) . The zone of maximum precipitation lies between 4500 and 4700 m (Wang et al. 2009 ), and on the high mountains the snow distribution is relatively stable. In the central region, the dominant topography is flat terrain, the average annual temperature is 78-8.28C (significantly higher than that in the upstream region), and the annual precipitation is 80-120 mm (Cao and Dou 2005; Song et al. 2003) . In the downstream region, with the exception of the lake shorelines of Juyan Lake and Ejin delta, most of the landscape consists of the Gobi desert (much of the Gobi is not sandy but has exposed bare rock), where the annual precipitation is from 40 to 60 mm (Cao and Dou 2005; Song et al. 2003 ).
b. Validation data and verification indicators
There are 14 CMA daily rain gauges distributed throughout the entire HRB and five continuously operating WATER hourly rain gauges in the upstream The indictors, which include probability of detection (POD), threat score (TS), false alarm ratio (FAR), frequency bias (FBI) and equitable threat score (ETS), were used to evaluate the daily precipitation events from June to August at the five WATER stations. POD can be regarded as the fraction of occasions when an event occurred that was also forecast. TS can be viewed as the proportion of correct forecasts of the quantity being forecast after removal of correct ''no'' forecasts. FAR is the fraction of ''yes'' forecasts that turn out to be wrong, equivalent to the proportion of forecast events that fail to materialize. The FBI has a range of possible values from 0 to ', but its ideal value is 1, indicating an unbiased forecast where the event is forecast exactly as often as it is observed. ETS is the ratio of the correct forecast area to the total area of the forecast and observed precipitation, which can vary from a small negative number to 1.0, where 1.0 represents a perfect forecast.
The POD, TS, FAR, FBI, and ETS indicators were derived using a contingency table approach (Wilks 1995) and were used to evaluate precipitation events in the HRB from June to August. Higher POD, TS, and ETS values, lower FAR values, and smaller deviations of FAR from unity all indicate better estimates. Five stations were selected, the number of station days was 92, and the actual number of rainy days for these five stations was 218. T The equations are as follows:
TS 5
FBI 5 N 11 1 N 01 N 10 1 N 11 , and 
where N 11 means the observation is yes (i.e., wet) and the precipitation product estimate is yes, N 10 means the observation is yes and the precipitation product estimate is no, N 01 means the observation is no and the precipitation product estimate is yes, and N 00 means the observation is no and the precipitation product estimate is no.
Results

a. Spatial pattern
igures 2a-d are the spatial patterns of precipitation in the HRB during 2008 from DCMAP, ITP-F, WRF-P, and DCMAP-MicroMet, respectively. Overall, these four products shared some common characteristics: precipitation decreased gradually from south to north, the upstream region had the most precipitation (around 350 mm), the downstream region had the least precipitation (around 50 mm), and the central region was in between. T the upstream region, possible because the upstream region of the HRB has much larger precipitation flux than the other regions; however, the landscape of the upper basin has a much higher fractal index, and in many coarse grids the higher precipitation flux values are excluded from the average in statistical analysis. This caused the annual precipitation for the HRB to be lower than that of the other products. spatial patterns of precipitation in the upstream reach of the HRB in 2008 from DCMAP, ITP-F, WRF-P, and DCMAP-MicroMet, respectively. Overall, these four products shared one common characteristic: precipitation decreased gradually from east to west. Because of the coarse spatial resolution, as mentioned above, the precipitation flux from DCMAP could not describe the watershed scale in detail. The other estimates were somewhat similar to each other, but the spatial patterns were different. The DCMAP-MicroMet precipitation product placed the precipitation maximum in the middle of the eastern end of the basin, ITP-F
AU2
placed it in the northern part of the eastern end, and WRF-P placed it in the central and southern parts of the eastern end.
b. Temporal and seasonal patterns
All precipitation products showed that the precipitation fluxes gradually increased from 2001 to 2010 (F F3 ig. 3), and these four precipitation products had peak fluxes in 2007; all these features are similar to the observations (F F4 ig. 4). Although the DCMAP precipitation fluxes were a little lower than those of the others, the trend of DCMAP precipitation fluxes from 2001 to 2010 was the same as that of the others and similar to the observations in the upstream and central regions (Fig. 4) .
The precipitation fluxes in 2003 from WRF-P, DCMAP, and DCMAP-MicroMet had inflection points and were lower than that from ITP-F, possibly because the two international exchange stations (Fig. 4d) were assimilated into the GCM, which provides the boundary data for WRF, and were merged into CPC (which provides the original data for DCMAP precipitation), although the stations in the upstream and parts of igure 5 shows the average monthly precipitation flux from 2001 to 2010 and indicates that in both the HRB as a whole and in its subbasins, the precipitation mainly occurred in June, July, August, and September. The precipitation in these four months accounted for about three-quarters of the annual total. This characteristic of the precipitation flux in the HRB is consistent with findings in several previous studies (Ding et al. 1999; Song et al. 2003; Cao and Dou 2005; Wang et al. 2009 ). 
lowest was 2125.4 mm. Errors in ITP-F were the smallest: at Qilian station, the error was 23.3 mm, and the errors were 297.7 and 251.7 mm at Yeniugou and Tuole, respectively. Errors in WRF-P fluctuated: the error was 3.6 mm at Tuole station but reached 302.4 and 2152.6 mm at Yeniugou and Qilian, respectively. In the central basin, errors in WRF-P were smaller than those in the other precipitation products except at Zhangye station and Yumen station. Errors in ITP-F were the largest, and the precipitation flux estimates in ITP-F were far larger than the others, which is why the precipitation flux estimated by ITP-F in the central basin was almost one-third higher than the others. In the lower basin, errors in WRF-P were smaller than those in the other precipitation products. Overall, the precipitation flux simulated by the WRF model agreed well with observation data in the central and downstream basins of the HRB. The precipitation flux interpolated from TRMM by ANUSPLIN yielded better results in the upstream region, where terrain is complex.
d. Event evaluation: A comparison of four precipitation products with WATER data from June to August 2008
In addition to precipitation flux error analysis, the evaluation of precipitation events is also important for a variable with such high spatial and temporal variability. In the HRB, the precipitation is strongly focused both spatially and temporally: the spatial center is the upstream region, and the temporal center is from June to September. To carry out the analysis for summer, WATER rain gauge data were selected to evaluate the precipitation events from June to August 2008, shown in F F6 ig. 6 (the precipitation from some WATER stations was solid in September, so this month was excluded from the precipitation event analysis). T T6 able 6 lists the precipitation flux errors of the four precipitation products. The precipitation flux errors from WRF-P were 15.6, 10.8, 230.7, and 30.6 mm at the AR, GT, HZZ, and YK stations, respectively. However, the error reached 181 mm at DDS station in WRF-P. The errors in ITP-F and DCMAP-MicroMet were also high at DDS station. DDS station is located on the south slope of Qilian Shan, which has an altitude of 4146.8 m. Wang et al. (2009) measured a precipitation flux from June to August at Ebao of 360 mm in 2006. Ebao is located on the north slope of Qilian Shan, and its altitude is around 3500 m. From the elevation lapse rate and a general knowledge of precipitation on Qilian Shan, Chen et al. (2008) determined that the total precipitation on the south slope was greater than that on the northern slope at the same elevation by about 44% in summer 2006. The precipitation flux from June to August at DDS station was deduced to be 500 mm, and the fluxes estimated from ITP-F, WRF-P, and DCMAP-MicroMet were also around 500 mm, so it is reasonable to believe that the observation data may be incorrectly recorded.
At rainfall intensities of 0.1-4 mm day 21 , F F7 ig. 7 shows that the values of the five indicators remained almost the same for the ITP-F, WRF-P, and DCMAP-MicroMet precipitation products. However, from 6 to 15 mm day
21
, the values of POD decreased sharply from 0.6 to 0.3, the values of TS decreased from 0.5 to 0.1, the values of FAR increased from 0.4 to 0.8 in the ITP-F and DCMAP-MicroMet precipitation products, and the values of FAR remained lower for the WRF-P precipitation product. The FBI values decreased from 1.0 to 0.6 in ITP-F and DCMAP-MicroMet and increased from 1.4 to 2.1 in WRF-P. In other words, WRF-P inflates the high-end events for precipitation simulation.
Discussion and conclusions
In this study, four precipitation products, specifically, DCMAP, ITP-F, WRF-P, and DCMAP-MicroMet, covering ground observations, satellite estimates, numerical models, and ensemble methods, were evaluated in a complex watershed by analysis of their spatial and temporal distribution patterns, in situ error analysis, and verification indicators. Spatial pattern maps were constructed for the whole basin and the upper basin. The interannual and monthly precipitation fluxes for 10 years (2001-10) were calculated to reveal the temporal patterns. Data from 20 rain gauge stations were used for in situ error analysis. Five sets of verification scores were derived based on the number of occurrences in which precipitation products matched the observations.
The results indicate that precipitation from the DCMAP product may not be suitable for water cycle studies at the watershed scale because of its coarser spatial resolution. For example, HRB precipitation is concentrated in the upper basin, where terrain is complex and rainfall processes are diverse, so the DCMAP precipitation product, with a resolution of 0.258, cannot satisfy the needs of HRB research.
Precipitation dynamically downscaled by the WRF model agreed well with CMA observations in the central basin of the HRB but not better than remote sensing products calibrated by CMA observations (ITP-F) in the upper basin. It would be worth trying to assimilate rain gauge data in regional climate models to improve the accuracy of precipitation simulation and forecasting. As far as precipitation event evaluation is concerned, ITP-F, WRF-P, and DCMAP-MicroMet showed equally good performances.
The precipitation product estimated by TRMM and interpolated by the ANUSPLIN method, precipitation dynamically downscaled from the NCEP FNL global gridded analysis, and the precipitation product statistically downscaled from DCMAP precipitation data by the MicroMet method can be used as forcing data for ecological and hydrological models and can be important sources of data for water cycle studies after they are corrected by rain gauge data.
In summary, the results from this study indicate that while remote sensing precipitation products such as DCMAP and TRMM can provide global and long-term precipitation estimates in data-scarce areas, currently there are limitations in their accuracy and spatial resolution for watershed-scale studies. The downscaling method is a bridge between the global scale and the regional scale. The DCMAP-MicroMet product statistically downscaled directly from the DCMAP precipitation product by the MicroMet tool, with a spatial resolution of 0.258, is strongly dependent on the accuracy of DCMAP. It is a potential method for calibrating and interpolating remote sensing precipitation products FIG. 6 . Two-dimensional scatterplots comparing rainfall events in WATER observations (a1, a2, a3 are for ITP-F at 3-h, daily, and 5-day time scales; b1, b2, b3 are for WRF-P; and c1, c2, c3 are for DCMAP-MicroMet). by rain gauge data, such as the ITP-F precipitation product, but it must be noted that the interpolation method (ANUSPLIN) is itself uncertain and is highly dependent on the density of the rain gauge network. Dynamic downscaling based on physical constraints can be used whenever models require small-scale data, but it has many uncertainties in terms of its initial and boundary conditions and its physical parameterizations, especially for complex terrain. Downscaling methods applied without consideration of local factors could fail to generate reliable climate data for areas where the topography is complicated (Custer et al. 1996; Almeida and Landsberg 2003) . Regional numerical models are aimed at improving the representation of microphysical processes involved in cloud rain and are also useful in assimilating multiscale precipitation products to improve the initial conditions for generating more accurate precipitation simulation and forecasting. Therefore, although there are current limitations in our comprehensive understanding of the precipitation process, it may be useful to assimilate remote sensing and rain gauge data into regional climate models to yield highresolution and precise precipitation products. In addition to the establishment of appropriatescale precipitation products, use of the rain gauge for evaluation is also open to question. Ground validation sites are a key data source for precipitation evaluation (Asadullah et al. 2008) , but there are two issues: 1) systematic errors of rain gauge measurement and 2) representativeness errors between point and areal measurements. Precipitation measurements are affected by systematic errors that lead to an underestimation of actual precipitation. Systematic losses vary by type of precipitation (rain, mixed, snow) and gauge type. For most precipitation gauges, the error depends strongly on the site surroundings, the prevailing wind speeds and the specific gauge form, and more research needs to be conducted on this subject (Sevruk et al. 2009 ). The representativeness error is defined (Kitchen and Blackall 1992) as the combination of two sources of errors: the spatial representativeness error associated with comparison between a point and an areal average, and the temporal representativeness error associated with the comparison between an accumulation and an integration of a set of instantaneous measurements. These errors must be acknowledged when single rain gauges are used to estimate local-scale spatial means at the daily scale (Bitew and Gebremichael 2010) . However, because of limitations to the density of rain gauge networks, it is difficult to convincingly estimate errors in precipitation products across the upstream region of the HRB, especially at the AR and DDS sites. A highdensity wireless measurement system is planned for deployment in the near future in the upstream region of the HRB.
The other limitation of this paper is solid precipitation. The accuracy of snow/rainfall also affects the results of hydrological model forecasting (Tobin et al. 2012) . However, solid precipitation is not distinguished from liquid precipitation at this time, because the liquid and solid precipitation are mixed in some products in our study, so we try to distinguish them by a two-temperature threshold (Han et al. 2010) , which uses a gradual change of the proportion of rain and snow based on a linear transition over 28. However, the weather in the HRB is too complex to use one single criterion, so 
